We investigate the relationship between accumulated experience completing wind power projects and the cost of installing wind projects in the U.S. from 2001-2015. Our modeling framework disentangles accumulated experience from input price changes, scale economies, and exogenous technical change; and accounts for both firm-specific and industry-wide accumulated experience. We find evidence consistent with cost-reducing benefits from firm-specific experience for that firm's cost of future wind power projects, but no evidence of industry-wide learning from the experience of other participants in the industry. Further, our experience measure rapidly depreciates across time and distance, suggesting a stable industry trajectory would lower project costs.
Introduction
Productivity growth due to accumulated experience with a production process or technology-the phenomenon now known as learning-by-doing-has long been of interest to academics, managers, and policymakers. 1 In recent years, amid growing concern about climate change and energy security, there has emerged a literature investigating whether learning-by-doing is characteristic of renewable energy technologies in general, and wind power in particular. The argument is that learning-by-doing on the part of wind power developers-the firms that design and build wind power projects-is in part responsible for the dramatic fall in average wind power project costs in the United States from the early 1980s to the early 2000s. 2 Indeed, this logic has been used to rationalize a number of policies to promote wind and other renewables in the United States, including production and investment tax credits at the federal level and renewable portfolio standards at the state level.
Advocates of such learning-based policy interventions, however, often fail to appreciate the importance of establishing precisely whose experience affects whose costs. 3 If, for instance, one firm's efforts to design and construct wind power projects yield cost-reducing knowledge that spills over to competitors, then the firm has a disincentive to invest in these activities. In this case, policies that subsidize investment can compensate the firm for the positive externality it bestows on its competitors. If, on the other hand, the cost-reducing knowledge that results from a wind development firm's activities remains entirely within the firm, then there is no market failure and subsidies are not justified by the existence of positive externality. Existing empirical research in the U.S. wind industry has done little to distinguish between these two types of learning (across-firm knowledge spillovers versus firm-specific learning-by-doing). Moreover, as shown in 1, during much of the 2000s, average dollar per installed kilowatt (KW) wind power project costs in the United States actually increased, despite unprecedented investments in new wind generating capacity facilitated by federal and state incentives.
The purpose of this paper is to investigate the extent to which there is empirical evidence of acrossfirm learning-by-doing and within-firm learning-by-doing in the design and construction of U.S. wind power projects after controlling all other potential sources of wind project cost differences over time.
The existence of the former learning-by-doing implies a positive externality that warrants policy interventions in the renewable energy marketplace, whereas the existence of the latter form does not.
Econometric estimation of learning-by-doing in this or any other setting is challenging for two major reasons. First, it is necessary to define experience and explain how and to whom it accumulates. Most existing research defines experience in terms of firms' cumulative past output, and we consider two alternative measures of output for U.S. wind power developers: cumulative megawatts of installed capacity and cumulative number of installed projects. Because the U.S. wind energy industry consists of many competing developers, and because we have assembled a detailed project-level dataset, we quantify separately the accumulated experience of each individual developer. This approach, made popular by Irwin and Klenow (1994) , makes it possible to distinguish between inter-firm knowledge spillovers and firm-specific learning-by-doing (i.e. learning that does and does not entail externalities). Because the U.S. wind energy industry has witnessed significant technological change and has endured several boom-bust cycles, we allow for the possibility that output from the distant past counts less towards experience than does output from the recent past -i.e. we allow for the possibility that experience depreciates, as is the case in Argote et al. (1990) , Benkard (2000) , Kellogg (2011) , Nemet (2012) , and Thompson (2007) . 4 Further, because there is a history of joint ventures and acquisitions in the U.S. wind development business, we allow for the possibilities that developers can share experience with and purchase experience from one another. Finally, because past experience from nearby projects may be more applicable than distant projects, we allow the value of past experience to differ by distance to the current project.
The second challenge arises because accumulated experience is but one of many possible factors that determine costs. For instance, the increase in average U.S. wind power project costs during the 2000s is in large part attributable to higher prices for primary inputs like steel as well as technological changes like the advent of larger wind turbines . Indeed, failure to account for other likely determinants of cost besides accumulated experience is a major shortcoming of much existing empirical work on learning-by-doing in wind and other renewable energy technologies (Nordhaus, 2014; Pillai, 2015) . It is therefore necessary to have a sufficiently rich econometric modeling framework that can disentangle learning from other contemporaneous determinants of cost. In this paper, we estimate cost functions for installed wind generating capacity derived from an economic model of firm behavior in the U.S. wind energy industry. This approach allows us to estimate firm-specific learning-by-doing, across-firm knowledge spillovers, the rate at which experience depreciates, and the degrees to which experience is shareable and transferable while controlling for the effects on wind project costs of scale economies, changing input prices, and technical progress exogenous to the cumulative experience of wind project developers. Using our estimated model, we find evidence consistent with internal firm-specific learning, but not inter-firm spillovers. This firm-specific learning is found in a variety of model specifications, with a doubling of a firm's own experience base estimated to decrease its cost to install a megawatt (MW) of wind generating capacity by 1.3-1.6 percent, all other things being equal. Altogether, these findings suggest that the cost-reducing benefits of experience in wind power project development are fully captured by the entity that undertakes the projects, rather than by other industry participants.
These results suggest that the industry has matured beyond the point where firms receive cost-saving knowledge following the completion of projects by others in the industry.
Beyond separating experience stocks into own-and other-firm experience, we find that it may also be economically meaningful to allow for measures of experience stocks to depreciate, to weight local projects higher than more distant projects, and to accommodate joint ventures. These findings could in part explain why the largest U.S. wind power developers undertake new projects at fairly regular intervals: they may seek to prevent or at least slow the erosion of competitive advantages stemming from their comparatively large experience bases. At the same time, however, observing a large number of fringe developers could be due to rapid depreciation of incumbents' experience across time and space.
Finally, evidence regarding the degrees to which firm-specific experience can be shared and transferred is inconclusive but nonetheless informative. For example, the data cannot reject the hypothesis that experience resulting from projects undertaken as joint ventures is equally as valuable as experience resulting from equivalent projects undertaken by just one firm. Likewise, the data cannot reject the hypothesis that acquired experience-experience gained from a merger or acquisition-is a perfect substitute for organic experience-a result borne out by the fact that most acquisitions in the U.S. wind development business involve the purchase of an experienced incumbent by an inexperienced entrant.
The remainder of the paper is organized as follows: section 2 discusses anecdotal evidence of learningby-doing in the design and construction of U.S. wind power projects, the growth of the U.S. wind energy industry, and the policies in place to support wind and other renewables. Section 3 introduces notation and discusses the unique dataset assembled for this paper. In section 4, we derive minimum cost functions for installed wind generating capacity from an optimizing model of firm behavior in the U.S. wind energy industry. In section 5, we discuss the estimation strategy and estimation results. Section 6 concludes.
2 Learning mechanisms and policy in wind power installations Figure 1 shows that average wind power project costs fell substantially in the United States from the early 1980s to the early 2000s, and there is much anecdotal evidence that this was due in part to learning-by-doing by wind power developers. As they accumulated design and construction experience, developers became adept at identifying sites well-suited for wind power projects-not just in terms of wind resource quality, but also proximity to transmission lines and other infrastructure. 5
Likewise, developers learned to navigate the myriad federal, state, and local regulations that govern the siting and construction of wind power projects. 6 Developers learned to optimize the logistics of transporting literally thousands of oversized cargo loads to remote project sites and the logistics of managing complex construction operations: for instance, how best to build foundations in different types of terrain, how to optimize large networks of access roads and electrical wiring, and even how best to move equipment around a project site. Developers' experience designing and building wind power projects also facilitated cost-reducing innovations upstream in the manufacturing of wind turbines: one example is the advent of modular tower sections, which are not only cheaper to manufacture but also to transport and install. Further anecdotal evidence of learning-by-doing in the design and construction of U.S. wind power projects is provided in Appendix A1.
Such anecdotal evidence, however, is silent as to precisely whose accumulated design and construction experience causes whose project completion costs to decrease. In other words, anecdotal evidence of learning-by-doing in the wind development business does not specify whether learning occurs solely within individual firms or whether learning spills over across rival firms. The cost reductions evident in figure 1 are consistent with either type of learning; in spite of this ambiguity-which empirical research has yet to resolve-the federal and state governments have enacted policies to promote wind 5 Construction of new transmission infrastructure is an extremely time-consuming undertaking, especially for wind power projects, which are often located in environmentally sensitive areas far from major electricity demand centers. 6 At just the federal level, a developer may need to secure project permits from each of the Environmental Protection Agency, Federal Aviation Administration, Federal Communications Commission, Fish & Wildlife Service, and Army Corps of Engineers. Source: Wiser and Bolinger (2016) . and other renewables that are economically justifiable only in the case of learning-related positive externalities. 7
To further complicate matters, Figure 1 shows that for much of the 2000s average wind power project costs actually increased in the United States. This is despite unprecedented investment in new wind generating capacity-and hence potential for cost reductions due to learning-by-doing-facilitated by federal and state incentives (see Figure 2 ).
The federal renewable electricity production tax credit (PTC) awards a tax credit for electricity generated from eligible renewable resources. The PTC has been extended 10 times since 1999 (with lapses in 2001, 2003, 2013 and 2014 retroactively applied to projects). The most recent extension set the PTC at $24 per megawatt-hour of electrical energy generated by projects that were commenced in 2016, with a 20, 40, 60 and 100% phase out scheduled for the next 4 years, estimated by the Joint Committee on Taxation to cost $14.5 billion from 2016-2025. 8 In addition to the PTC, renewables portfolio standards (RPSs), state-level laws that require retailers of electricity to procure a certain percentage of their annual electricity sales to final consumers from qualified renewable resources, also effectively guarantee wind generators higher-than-market prices for their energy. 9,10 Accordingly, the primary goal of the present research is to investigate whether there is econometric evidence of learning-related externalities in the post-2000 time period that might substantiate learning-by-doing 7 To be sure: there are rationales for policies that support wind and other renewables in the United States besides learning-by-doing (e.g. environmental externalities). However, this paper is concerned exclusively with whether learning-by-doing ought to be one basis for such policies.
8 See Sherlock (2017) , which also contains a more detailed history of the PTC, including a discussion on the exclusions when claiming other tax credits such as the Investment Tax Credit (ITC) or the Section 1603 grant, part of the American Recovery and Reinvestment Act (ARRA) passed in the wake of the 2008 financial crisis. 9 In practice, for the PTC and RPSs, "eligible renewable resources" more often than not means wind, which has accounted for the vast majority of additions to U.S. renewable generating capacity in each of year in our sample. See Sherlock (2017) for a breakdown renewable energy additions by technology.
10 Strictly speaking, the PTC and RPSs incentivize production of wind-generated electricity; however, there is generally no excess wind generating capacity in the United States from which to squeeze additional output, so these policies strongly incentivize investment in new wind generating capacity. 
Data
According to the American Wind Energy Association (AWEA), 866 wind power projects had been completed in the United States by the end of the year 2015. For the purpose of this analysis, each project is classified by the following characteristics: the project's nameplate generating capacity, q; the state, s, city/region r, and coordinates l in which the project is situated; the developer(s), d, that designed and built the project; and the year, T , in which the project was completed. 11 Approximately ten percent of the projects completed through 2015 were undertaken as joint ventures between two or more developers, such that d, strictly speaking, is a set. For example, d = {BP,Clipper} for the 60 MW Silver Star wind farm in Texas, whereas d = {Iberdrola} for the 160 MW Barton wind farm in Iowa. The U.S. Energy Information Administration (EIA) Form EIA-860 database identifies the year-quarter, t, in which each project was completed (e.g. t = 2008:Q3 for Silver Star), and verifies the accuracy of the AWEA data.
Project cost estimates were identified for 408 of the 717 projects completed between 2002 and 2015, 12 and are from a variety of sources: Bloomberg New Energy Finance, business publications (in particular, Project Finance, Power Finance & Risk, and Global Power Report), state public utilities commissions' filings and testimony, corporate press releases, national and regional newspapers, and personal correspondence with wind power developers. A project's total completion cost, C, is the sum of its development, equipment purchase, and construction costs. Development costs include the 11 All characteristics are made available by the AWEA with the exception of r. r is the geographically closest reference city in the RSMeans building construction cost data to a project within the same state.
12 717 of the 866 projects were cross-validated in the EIA-860 database. Few project costs were found prior to 2002. 
Quantifying experience
This section constructs variables Q li,di,ti and Q li,−di,ti that quantify two distinct stocks of accumulated experience available to the developer(s) of wind power project i at the time of the project's undertaking. The former quantifies experience internal to firm(s) d i , i.e. experience useful to d i that is the result of d i 's own design and construction activity. This measure will be used to estimate firm-specific learning-by-doing. The latter quantifies experience external to d i , i.e. experience useful to d i that is the result of d i 's competitors' design and construction activity, and will be used to estimate inter-firm knowledge spillovers. 13 Experience is typically measured in terms of cumulative past output, and here we consider two different measures of output for U.S. wind power developers:
megawatts of installed wind generating capacity and number of installed wind power projects. If learning is thought to be proportional to project size, then megawatts of installed capacity is arguably the better measure of output: a 100 MW project counts twice as much as a 50 MW project.
On the other hand, if learning is thought to be invariant to project size, then number of installed projects is arguably the better measure of output: two 50 MW projects count twice as much as one 100 MW project. The remainder of this section assumes megawatts of installed capacity is the measure of output; the exposition is analogous, however, for the case where number of installed projects is the measure of output (each occurrence of q is replaced with 1).
As a first step, define firm d's organic experience at time t relating to project i as:
where J is the set of all U.S. wind power projects completed through 2015, |d j | is the cardinality of the set d j (i.e. the number of firms that developed project j-in most cases just one) and M i,j is a multiplier that depreciates the experience gained from project j depending on its applicability to project i. The indicator functions ensure experience is only counted for projects completed before the current project and that included firm d. M i,j takes the form:
where dist(l i , l j ) the distance between project i and j. δ own measures the quarterly rate of depreciation of experience, such that all other things being equal, capacity installed in the distant past counts less towards experience than does capacity installed in the recent past. Modeling this feature is in keeping with recent work on organizational forgetting-the hypothesis that production experience depreciates over time-in settings as diverse as aircraft manufacturing (Benkard, 2000) , oil drilling (Kellogg, 2011) , shipbuilding (Argote et al., 1990; Thompson, 2007) , and wind power production (Nemet, 2012) . That experience accumulated by U.S. wind power developers should depreciate seems plausible for at least two reasons. First, wind turbine technology has evolved considerably (see figures A4 and A5) and experience with antiquated technology may not be as useful as experience with state-of-the-art technology. Second, the U.S. wind energy industry has endured several boom-bust cycles on account of the pattern of repeated expiration and short-term renewal of the PTC (Barradale, 2010) .
Periods of actual or anticipated unavailability of the PTC tend to result in significant labor force turnover-one of the most recognized explanations in the literature for organizational forgetting. 14 Related to the depreciation over time, ρ own captures a depreciation of experience over distance, equaling the discounted value of experience obtained from a project greater than 100 miles away from i's location. This feature is intended to capture any extra relevance prior work in a local area may have toward a particular project, such as a connection to local contractors or a better understanding of the local physical and business environment.
Approximately ten percent of all wind power projects completed in the United States through 2015 were undertaken as joint ventures between two or more firms; accordingly, the λ parameters in equation (1) allow a project's relative contribution to developer d's organic experience base to depend on the number of co-developers. No project in the sample has more than three co-developers, i.e. |d j | ∈ {1, 2, 3} for all j ∈ J. λ 1 is normalized to = 1 such that capacity completed by a single firm is the numeraire against measuring the capacity completed by joint ventures between two or three firms. This specification allows testing hypotheses about the manner in which firms share experience. For instance, if λ 2 = λ 3 = 1, each partner in a joint venture is credited with having installed the total capacity of the project; alternatively, if λ 2 = 1/2 and λ 3 = 1/3, each partner is credited with having installed an equal proportion of the project's total capacity.
In addition to growing their experience bases organically as described by equation (1), it seems plausible that firms can accumulate experience by purchasing competitors. Table 2 reports eleven major acquisitions in the U.S. wind development business through 2015; notably, nine of these acquisitions involved the purchase of an experienced incumbent by an inexperienced entrant. 15 We might therefore define firm d's acquired experience at time t relevant to project i as follows:
where a (d, t) is the set of all firms acquired by d as of time t. Organic experience transfers from d ′ to d-that is, from first to second owner-at rate µ. If µ = 1, for instance, then acquired experience is a perfect substitute for a firm's own organic experience. Table 2 , however, shows two instances in which an acquiring firm later found itself the target of an acquisition (Enron in 2002 and PPM in 2007) . Accordingly, equation (3) is generalized to allow for the possibility that experience can change owners twice: In equation (4), organic experience transfers from d ′′ to d-that is, from first to third owner-at rate µ 2 .
Firm d's total accumulated experience at time t relevant to project i is just the sum of its organic experience and its acquired experience:
Then, for a given wind power project i, an adjustment for the amount of developers on the project is required. The stock of accumulated experience that is internal to developer(s) d i at the time of the project's undertaking, t i , is:
where Q li,di,ti is dependent on the parameters δ own , ρ own , λ 2 , λ 3 , and µ. Notice that if project i has just one developer (i.e. |d i | = 1) then (6) reduces to (5). If, on the other hand, project i is a joint venture between two or three developers (i.e. |d i | > 1) then the interpretation of (6) hinges on the λ parameters. If λ |di| = 1 then Q di,ti is the sum of the joint venture partners' individual experience bases, as given by (5); alternatively, if λ |di| = 1/|d i | then Q di,ti is the mean of the partners' individual experience bases.
Finally, for a given project i, the stock of accumulated experience that is external to developer(s) d i at time t i is:
where M ′ i,j is a multiplier that depreciates the experience gained from project j depending on its applicability to project i. The indicator functions ensure experience is only counted for projects completed before the current project and that did not include any firm in d i (or a firm later acquired by these firms). M ′ i,j takes the form:
Via this multiplier, Q li,−di,ti is dependent on the parameters δ oth and ρ oth that depreciate experience over time and distance.
For concreteness, appendix A5 presents simple numerical examples of the computation of variables Q li,di,ti and Q li,−di,ti for cases that include joint ventures and acquisitions.
Technology and behavior
The production function for installed wind generating capacity is assumed to be Cobb-Douglas:
where z contains factor inputs K i , L i , E i , and M i which are, the quantities of capital, labor, energy, and materials used in installing project i, and A li,di,ti is total factor productivity of the developer(s) of project i at the time of the project's undertaking. Given the Cobb-Douglas functional form, γ = N Z h=1 α h measures returns to scale in the design and construction of wind power projects. Further, assume the following functional form for total factor productivity: 16
In equation (10), the parameter β measures the extent to which productivity is enhanced by the stock of accumulated experience that is internal to developer(s) d i (i.e. learning-by-doing), whereas the parameter θ measures the extent to which productivity is enhanced by the stock of accumulated experience that is external to d i (i.e. knowledge spillovers). A fixed effect for the year in which project i was completed provides a means of controlling for technological advancements that, while exogenous to U.S. wind power developers, might nonetheless affect the costs of designing and building wind power projects. Likewise, a fixed effect for the state in which project i is situated provides a means of controlling for different policy environments that, all other things being equal, make the designing and building of wind power projects more costly in some states than in others. 17 Fixed effects for the developers constructing project i (weighted by the number of developers on the project) 1 |di| d∈di κ T F P d controls for any permanent, firm-level cost advantages in the designing and 16 Equation (10) is based on Irwin and Klenow (1994) , who use a similar specification in their study of learning-bydoing and knowledge spillovers in the semiconductor industry. The key differences are: (i) the experience variables in equation (10) are functions of unknown parameters (δ, ρ, λ 2 , λ 3 , and µ); and (ii) equation (10) includes deterministic terms (year, state, firm and manufacturer fixed effects) in addition to a stochastic term. 17 Wiser and Bolinger (2012) present evidence that average wind power project costs in the United States vary by region. In particular, states in the interior of the country-the so-called "Wind Belt"-tend to have the lowest costs, whereas states in New England tend to have the highest costs. 
Completion-year, state and manufacturer FE building of wind power projects. Turbine manufacturer fixed effects π T F P mi allow for the design aspects of different turbine brands to allow for differential productivity multipliers. Finally, total factor productivity depends on a mean-zero, project-specific productivity shock, ǫ T F P i , the realization of which is observed by developer(s) d i once work on project i is underway, but unobserved by the econometrician.
Our model assumes profit-maximizing wind power developers that minimize the total cost of completing wind power projects of predetermined capacities given prevailing input prices. Virtually all of the firms in the U.S. wind development business are publicly traded and, as such, have fiduciary obligations to maximize returns to their shareholders. Because virtually all projects are financed through power purchase agreements (PPAs) that set the project's future revenue stream independent of its construction cost, this logic implies a profit-maximizing developer would like to minimize the cost of building the project. 18 It also seems probable that other firms in the business will have to minimize costs in order to compete with the publicly-traded firms.
In the United States, developers generally build wind power projects to the specifications of other entities, typically the ultimate owner or operator of the project. Consequently, the sizes of U.S.
wind power projects can be thought of as predetermined to the developers that build them. Finally, the prices of the inputs to the production function (9) are set in large markets in which wind power developers are relatively small actors. As such, these prices can be taken as exogenous to the input choice decisions of individual developers. Altogether, these assumptions lead to the following cost minimization problem for each wind power project i: Table 3 summarizes the assumptions made about temporal and geographical variation in input prices for purposes of solving the cost minimization problem (11). The prices of capital are assumed to vary only over time. This variation is captured with regional crane rental prices and completionyear fixed effects, sourced from the annual volumes of RSMeans building construction cost data. 19
Variation in materials prices across projects are captured in completion-year and state fixed effects. Labor and energy prices are assumed to vary by year and by state, with construction wage data sourced from the U.S. Bureau of Labor Statistics (BLS) and refined gasoline spot price data sourced from the U.S. Energy Information Administration (EIA).
Under the stated assumptions concerning variation in input prices, the solution to (11) yields the following econometric model:
The fixed effects φ Ti , ψ si and π mi in equation (12) now reflect both variation in input prices and (exogenous) variation in total factor productivity. Consequently, it is not possible to separately identify the effects on project costs of certain input prices, exogenous technical progress, and timeinvariant state characteristics. More importantly for purposes of this paper, it is possible to identify from equation (12) firm-specific learning-by-doing, inter-firm knowledge spillovers, the rate at which experience depreciates, the transmission of experience over geographic distance and the degrees to which experience is shareable and transferable while controlling for the effects on cost of changing input prices, project scale, and technical progress exogenous to wind power developers. The goal of the next section is to estimate the parameters of equation (12).
Estimation

Estimation strategy
The assumption that capacity q i is predetermined when developer(s) d i undertakes project i means q i and ǫ i are uncorrelated in the cost function (12), such that the parameters in (12) are consistently estimated by a least squares estimation procedure. This assumption is in keeping with the manner in which most wind power projects are completed in the United States. Before construction of a wind power project begins, the project's owner (an IPP, for instance) typically negotiates a longterm, fixed-price power purchase agreement (PPA) with an electricity retailer; the revenue stream guaranteed by this PPA allows the owner to secure financing for the project from a commercial 19 Each project is matched to a city in the RSMeans construction cost data. The Monthly tower crane rental static tower 130' high 106' jib 6300 pound capacity cost is multiplied by the city's multiplier for the year before the project was completed.
or investment bank. 20 The owner then hires a wind power developer to design and construct the project with sufficient generating capacity for the owner to meet its contractual obligations to the retailer. In preparation for construction of the project, orders are placed for the necessary wind turbines and their attendant equipment. The revelation at this point that the project will be either more or less costly to complete than anticipated has no bearing on the quantity of capacity the developer must install: the owner still requires the previously decided-upon quantity of capacity to fulfill its PPA obligations, and it may be costly to the developer to cancel or alter an outstanding order for wind turbines. So, the productivity shock ǫ i affects the completion costs of project i, and hence the profits of developer(s) d i , but does not affect the capacity q i of project i, i.e. q i and ǫ i are uncorrelated in equation (12).
The explicit mechanism by which a given wind power project i is "assigned" to developer(s) d i is not modeled, rather, it is implicitly assumed that the set d i is determined exogenously. One could argue, therefore, that it is not the case that a firm has low costs because it has accumulated experience-the relationship posited by the cost function (12)-but instead that a firm has accumulated experience precisely because it has low costs (for reasons that the econometrician does not observe). However, as outlined in appendix A3 (as part of a broader investigation of heterogeneity among U.S. wind power developers), the evidence is not indicative of any low-cost firm or firms capturing more and more of the U.S. wind development business over time.
In the following section, a nonlinear least squares (NLS) procedure is used to estimate the parameters of the cost function (12). Write equation (12) compactly as follows:
where ξ = α C , α L , α G , γ, β, θ, δ own , δ oth , ρ own , ρ oth , λ 2 , λ 3 , µ, φ ′ , ψ ′ , κ ′ , π ′ ′ is the vector of parameters -including 13 year, 30 state, 130 firm and 18 turbine manufacturer fixed effects -to be jointly estimated and x i is the data used to construct the i th observation. ξ is the value of ξ that minimizes the sum of the squared residuals:
Given that the gradient ∂SSR (ξ)/∂ξ ′ can be computed analytically, a quasi-Newton algorithm is used to search for a solution to the above minimization problem, subject to fixed bounds on the parameters. 21
Let X be the matrix with i th row ∂h x i , ξ /∂ξ ′ . A heteroskedasticity-consistent estimate of the covariance matrix of ξ is used in inference and is defined as: 22
20 Barradale (2010) , for instance, shows that long-term PPAs were the dominant offtake arrangement for U.S. wind power projects completed in the 2000s. 21 Economically sensible restrictions are put on the parameters, such as depreciation rates being bounded between zero and one.
22 See, for instance, chapter 16 of Davidson and MacKinnon (1993) .
where Ω = diag ( ω 1 , . . . , ω N )
and
N is the number of observations on equation (13), and k is the number of parameters estimated (i.e. k = dim (ξ)). Table 4 presents the results of NLS estimation of the cost function (12) for the case where megawatts of installed wind generating capacity is the measure of cumulative output (measure 1); table 5 does likewise for the case where number of installed wind power projects is the measure of cumulative output (measure 2). For each of experience measure 1 and 2, six models are estimated. We report these 12 specifications to examine if under any parameter restrictions we can identify evidence consistent with learning-based spillovers. The first three model variants do not allow depreciation rates for own-firm and other-firm projects to differ (δ own = δ oth ). Model I further restricts the parameters by not allowing project distances to enter the model (ρ = 0), model II does not allow distance multipliers to differ for own-and other-firm projects (ρ own = ρ oth ), whereas model III does not impose this restriction. Models IV-VI follow models I-III, with the restriction that (δ own = δ oth ) relaxed. Model VI is the unconstrained model detailed in section 4. The price and scale estimates will be discussed briefly before a more in depth discussion of the experience function and multiplier results.
Estimation results
Price and scale estimates
Point estimates of the scale parameter γ range from 0.991 to 0.996, suggesting there are small diseconomies of scale in the construction of wind generating capacity in the United States. For all model variants, however, the hypothesis γ = 1, constant returns to scale, cannot be rejected.
Similarly, Wiser and Bolinger (2012) present evidence of weak returns to scale among small U.S.
wind power projects (i.e. less than 20 MW) and constant returns to scale among larger projects.
Estimates for the input price coefficients α, i.e. the parameters in the Cobb-Douglas production function (9) associated with those inputs whose prices are explicitly modeled in (12), are not detected to enter the model. 23 Although we expect project costs to vary with these input prices, it may be that the model has difficulty identifying such relationships due to the inclusion of the year, state, firm and turbine manufacturer fixed effects. Joint tests under the null that each set of fixed effects do not enter each model are rejected at a 5% level of significance. 23 In the canonical Cobb-Douglas production function f = i x α i i , the fraction α i / j α j has the interpretation of the share of total production costs that are attributable to input x i . This interpretation does not hold in the present setting because of the use of fixed effects in equation (12) to model variation in the prices of certain inputs. Each model contains year, state, firm and manufacturer fixed effects. Each model has 408 projects used in estimation. Models I and IV fix ρ = 0. When standard errors are not reported, a corner solution was obtained, and the standard errors for the remaining coefficients are constructed assuming that the corner solution coefficient is a fixed constant. Heteroskedasticity-consistent standard errors are reported in parentheses.
Internal and external experience multiplier estimates
No solution to the model could be identified when allowing the joint-venture and acquisition parameters (λ 2 , λ 3 , µ) to be freely estimated. An earlier version of this paper using data up to 2009 failed to reject tests that (λ 2 , λ 3 , µ) = ( 1 2 , 1 3 , 1), implying that there are no scale benefits from joint ventures or mergers. 24 Therefore, each model is estimated with this restriction. Lagrange multiplier tests of the models estimated with these restrictions fail to reject the assertion that (λ 2 , λ 3 , µ) = ( 1 2 , 1 3 , 1). 25 Therefore, there is no statistical evidence against the null hypothesis that experience is averaged over the firms in a joint venture.
Point estimates of β (relating to a firm's internal experience) are positive and precisely estimated for the model using the cumulative MW measure of experience. Point estimates of θ (relating to external experience), on the other hand, are imprecisely estimated and it can not be rejected that θ = 0 for tests at a 5% level of significance for any model or experience measure. Thus, the evidence is consistent with firm-specific learning-by-doing, but we find no evidence to support the presence of inter-firm knowledge spillovers. 26 Note that from equation (12) that the elasticity of cost with respect to firm-specific experience is −β/γ. Estimates of this elasticity range from -0.019 to -0.024 in the case of the cumulative MW experience. All other things equal, then, doubling a firm's experience base decreases its per-megawatt costs of installed wind generating capacity by 1.3-1.6 percent. 27 The most optimistic point estimate for knowledge spillovers is in table 4 model II, where doubling the experience stock of other firms is predicted to lower its per-megawatt costs of installed wind generating capacity by 8.5 percent. However, in practice, given the much larger stock of other firm experience relative to own firm experience, the predicted cost multiplier reductions from adding an additional project are mostly localized to the firm undergoing the project. Using the estimates from model II, figure 3 displays the change in the cost multiplier from adding 50MW of depreciated experience to either the own-or other-firm experience measures, Q di,ti (δ, ρ, λ 2 , λ 3 , µ) and Q −di,ti (δ, ρ) for every project used in the analysis. Here we see that for firms with limited within-firm experience, an additional 50MW of within-firm experience is predicted to drop their project costs by up to 9 percent. However, the impact of adding the same 50MW of experience to the stock of other-firm experience does not reduce costs by any economically meaningful amount, particularly post-2006.
Our estimation method has attempted to address the critique of many prior attempts to estimate industry cost reductions from accumulated experience that experience is correlated with time and common measures of industry experience can confound other time varying trends. The inclusion of input cost drivers and year-of-sample effects means that the measure of external experience (Q li,−di,ti ) is The scatter plot for own firm experience plots
The scatter plot for other firm experience plots unlikely to be confounded with changes in input costs or Hicks neutral technical change. However, a practical consequence of controlling for these important cost drivers is the identifying variation of other firm experience stocks will diminish. In our case, variation in the measure of other firm experience that can identify knowledge spillovers must come from changes in the stock within a
year (experience measures are re-calculated quarterly), across firms (more experienced firms have lower levels of other firm experience), and across locations (projects in locations close to where prior projects occurred will have greater other firm experience stocks than more isolated projects). Figure 4 displays the estimated values of own-and other-experience stocks for every project in the sample. We see a large amount of variation in firm experience for all years of the sample due to the many firms that are observed to participate in the market. However, for other firm experience we also see substantial variation across projects, with the time path increasing from 2005-2009, and then the slowdown of completed projects in 2010 and the estimated depreciation rates of experience resulting in this stock flattening from 2010-2015. Own firm experience plots the value of log(Q d i ,t i (δ, ρ, λ 2 , λ 3 , µ)) for each project i in the sample, and other firm experience plots the value of log(Q −d i ,t i (δ, ρ)) using the parameter estimates of model II in table 4.
Time and distance depreciation experience multipliers
Point estimates for the rate of depreciation of experience are in general quite large, and less precise for the models with less parameter restrictions. In model I of the MW experience measure, fixing distance multipliers to zero and imposing that depreciation factors for own-and other-firm experience equal detects a non-zero discount rate with a point estimate of 0.418. This translates to just 11 percent of a firm's accumulated experience persisting after one full year of inactivity. For comparison, estimates elsewhere in the literature of the percentage of experience that persists after one year include: 51-61 percent in aircraft manufacturing (Benkard, 2000) , 40 percent in oil drilling (Kellogg, 2011) , 5-65 percent in shipbuilding (Argote et al., 1990; Thompson, 2007) , and 3 percent in wind power production (Nemet, 2012) . When allowing the separation of depreciation rates for own-and other-firm experience, the model does not identify an interior solution for other-firm experience, estimating full depreciation after one quarter. This further highlights that even if external knowledge spillovers occurred, they are not found to persist. The apparent speed with which wind power developers' experience depreciates is perhaps surprising; it is understandable, however, if one appreciates how disruptive the unpredictability of the PTC has been to the U.S. wind energy industry. Although employment data are not readily available, there is little disagreement among industry observers that actual or anticipated unavailability of the PTC renders many wind power projects unprofitable and leads to labor force downsizing at all levels of the industry -project development included. 28 Wind power developers employ engineers, lawyers, scientists, logisticians, and transportation and construction supervisors, all of whom develop knowledge over time that is specialized (to some extent or another) to the wind power industry (Hamilton and Liming, 2010) .
Consequently, if developers cannot make long-term commitments to their workers (e.g. because of PTC uncertainty), then specialized knowledge will be lost during industry downturns and replaced only slowly during industry upturns. 29
Point estimates of ρ, the discount applied to the experience gained from distant projects, is detected to be non-zero under some specifications of the experience function. In model II of the MW experience model, previous projects built more than 100 miles away from a site are estimated to have 68.4 percent less experience value than an equivalent project within 100 miles of the site. However, when allowing this multiplier to differ for own-and other-firm projects, distance is found to have no impact on experience from internal projects but to reduce experience from external projects. Therefore, the estimates are consistent with firms gaining equal experience for all projects regardless of location, but that only local projects from competitor firms could possibly enter their experience stock, and even then the cost multiplier might not be affected given the values of θ estimated in the model. Ultimately, the time and depreciation results reinforces that any cost-reducing knowledge arising from the design and construction of wind power projects, slight as it may be, appear to remain entirely within the firm.
The depreciation and distance multiplier findings could in part explain why the largest U.S. wind power developers undertake new projects at fairly regular intervals. Table A2 in appendix A3 shows that from the 2005 to 2009 industry growth period where the model detects a large increase in the stock of industry experience, the average spell of inactivity among large developers lasted just two quarters; it is possible these developers seek to prevent or at least slow the erosion of competitive advantages stemming from their comparatively large experience bases. At the same time, however, the finding that experience depreciates rather quickly and over distance could explain why fringe developers are able to compete for business. See, for instance, the market share figures A9 and A10 in appendix A3.
Conclusion
If knowledge spillovers occur during the installation or operation of renewable generating capacity, then profit-maximizing firms will engage in these activities less than is socially desirable; public 28 According to Wiser and Bolinger (2012) 29 On this point that organizational forgetting in U.S. wind is reversed only slowly: an executive at a large wind power developer explained to us how difficult it has become for the industry to attract and retain talented workers. Evidently, potential workers regard their career prospects in this industry as uncertain because the fate of the PTC remains uncertain. subsidies can overcome this market failure by compensating firms for the positive externalities their activities generate. For the particular case of the U.S. wind energy industry, however, we have found no empirical evidence of inter-firm knowledge spillovers in the design and construction of wind power projects. We have only found evidence of firm-specific learning-by-doing, which entails no externality. Thus, while federal and state policies like tax credits and renewable portfolio standards might accelerate reductions in wind power project costs, the empirical evidence presented in this paper suggests that cost reductions will occur even in the absence of government financial interventions.
We have presented evidence that experience accumulated by U.S. wind power developers depreciates over time and distance. This suggests that the boom/bust cycles in project development seen over the previous decade could result in higher incurred project costs than if a steady order book was maintained. Although our analysis does not speak to the exact mechanism behind experience depreciation, it could be that a stable industry trajectory decreases project costs insofar as it reduces labor force turnover and helps with retention of relevant institutional knowledge and experience. The empirical evidence presented here also suggests learning-related cost reductions might be achieved through greater consolidation in the U.S. wind development business. Such consolidation could be either temporary, as in the case of joint ventures, or permanent, as in the case of acquisitions.
In the former, firms reap the full experience benefits of undertaking large or numerous projects without having to bear the full costs. In the latter, not only is existing experience consolidated in a single firm, but socially-wasteful, duplicative learning is potentially avoided in the future. Owing to the number of firms active in the U.S. wind development business, it seems unlikely that greater consolidation poses any significant threat to competition.
Finally, we have argued that the assumptions that give rise to our econometric model of firm behavior in the U.S. wind energy industry are consistent with the manners in which this industry is organized and operates. Importantly, the key empirical results in this paper are qualitatively, if not always quantitatively, robust to minor changes in these assumptions. Alternative assumptions concerning functional forms and the nature of uncertainty in the model are potential areas for future research. Likewise, it would be interesting to see if similar models can be derived (if the assumptions are plausible) and estimated (if data are available) for other technologies and countries. A better empirical understanding of the extent to which learning-by-doing is characteristic of renewable electricity generation technologies can help to ensure efficient use of public funds to support renewable energy.
use of existing roads without unduly disrupting local traffic patterns (due to road or bridge closures, for example). Moreover, they have learned to anticipate obstacles en route to a project site that could force the unloading and reloading of equipment or the complete rerouting of entire convoys of trucks. Consider the left-hand panel of figure A1 : it was not left to chance that trucks hauling tower sections would ultimately fit across the bridge. Where unloading and reloading of equipment are unavoidable, however, as in the right-hand panel of figure A1 , developers have learned how to do so quite effectively.
There is also anecdotal evidence that developer experience has lowered the construction costs of avoiding the fate depicted in the right-hand panel of figure A2 . Likewise, developers have learned how best to maneuver heavy equipment around a project site. For example, according to a contractor experienced in wind farm construction, the disassembling, transporting, and reassembling of a large crawler crane (e.g. the red cranes in figure A3 ) can take up to five days and cost as much as $70,000.
Experienced developers therefore carefully sequence their construction activities so as to prevent or at least minimize such costly delays.
Finally, developers' experience designing and building wind power projects has also facilitated costreducing innovations upstream in the manufacturing of wind turbines. One example is the advent of modular tower sections, which as discussed in section 2 are cheaper not only to manufacture but also to transport and install. 
A2 Annual summary statistics
For the subset of 408 U.S. wind power projects completed from 2002 to 2015 and for which cost estimates are available, table A1 reports annual summary statistics for average cost of installed capacity (measured in millions of current-year dollars per megawatt) and nameplate generating capacity (measured in megawatts). As discussed elsewhere in this paper, average wind power project costs approximately doubled during the 2000s despite the completion of more and larger wind power projects than had ever previously been the case (i.e. despite potential for cost reductions due to learning-by-doing and economies of scale). Higher prices for primary inputs and the advent of larger wind turbines are two often-cited explanations for this period of rising costs (e.g. Bolinger and Wiser (2011) ). Regarding the former, figure A6 plots four price indices for inputs important to the U.S. wind energy industry together with a GDP deflator; notably, all four price series increased at rates greater than the rate of overall inflation during the 2000s. 30 Regarding the latter, the hub height, rotor diameter, and capacity rating of the average wind turbine installed in the U.S. all increased significantly during the 2000s (see figures A4 and A5); larger turbines are generally more costly because they require disproportionately more materials to support their greater weight and withstand severe wind forces. Table A1 is also indicative of the importance of government intervention to the growth of the U.S. wind energy industry: fewer and smaller projects were completed in 2002 and 2004 when the PTC was unavailable to new projects, whereas more and larger projects were completed during the later years of the sample when the PTC was consistently available and many more states adopted RPSs. 31,32 30 The U.S. dollar-euro exchange rate is included because many wind turbine components are imported from Europe. 31 Of the wind power projects completed in 2002 and 2004, some were ineligible for the PTC (e.g. those owned by rural electric cooperatives or municipal utilities), while others received the credit retroactively. 
A4 Randomness of missing cost data
Here, we consider the econometric problems that could arise on account of my having cost data for only 408 of the 717 U.S. wind power projects completed between 2002 and 2015. It is well established in the economics literature that estimation based on nonrandomly selected samples can result in biased estimates of parameters of economic interest. Although Heckman (1976 Heckman ( , 1979 proposed a two-step estimation procedure to overcome this selection bias, implementing his procedure requires additional modeling assumptions (a second equation explaining entrance into the sample) and data (to estimate the second equation). Because neither requirement is necessarily straightforward, it behooves the researcher to weigh the evidence for and against the randomness of his sample before abandoning least squares in favor of a more complicated estimation procedure. Table A3 compares the subsample of 408 U.S. wind power projects for which cost data is non-missing to the subsample of 309 projects for which cost data is missing. If the proportion of projects sharing a particular attribute within each subsample does not differ significantly across the two subsamples, then there is evidence that the 114 instances of missing cost data occur at random. From the table, it is apparent that the biggest difference between the two subsamples concern geography. First, no relationship between missing data and project size is identified. Second, among projects with non-missing cost data, greater proportions are located in the NPCC and RFC reliability regions, and smaller proportions are located in the TRE regions, than is the case among projects with missing cost data. (Figure A11 presents a map of NERC reliability regions in the U.S.) This could reflect attitudes or policies towards the disclosure of project information that differ across states or regions.
With respect to the remaining attributes in table A3, the differences between the two subsamples of wind power projects are less pronounced. The proportion of projects completed in a given year or quarter does not appear to vary significantly across the two subsamples. Moreover, projects completed by multiple or foreign developers, and projects owned by independent power producers (IPPs), make up only slightly greater proportions of the subsample of projects with missing cost data than the subsample of projects with non-missing cost data -possibly because such projects are 1  1  60  0  0  50  120  2  2  0  40  0  2000  2070  3  2  0  0  80  1000  1070  4  3  100  100  0 . 70 JV between Firms 1 and 2 5 4 120 0 0 . . Firm 3 acquired by Firm 1 subject to less onerous disclosure requirements. No joint or pairwise test rejects the null hypothesis of within-subsample proportions that are equal across the two subsamples. Table A4 presents an additional comparison of project sizes across the two subsamples. Consistent with table A3, mean project capacity and turbine rating is not detected to differ among the missing and non-missing data. On balance, the evidence does not reject an assertion that cost data is missing at random; which helps support our decision to use a least squares estimation procedure in section 5 rather than a more complicated two-step procedure.
A5 Computation of experience variables: numerical examples
The purpose of this appendix is to demonstrate through numerical examples how to compute, for each wind power project i in the 2002-2015 sample, the accumulated experience variables Q li,di,ti and Q li,−di,ti defined in section 4.1 as functions of data and parameters. Table A5 displays a simple and purely hypothetical history of wind power project completions for the case where there are three firms that install wind generating capacity over the course of four periods. Assume, without loss of generality, that the MW entries in table A5 constitute single wind power projects (rather than multiple projects whose capacities sum to these per-period totals). Furthermore, assume that Firms 1 and 2 completed the 100 MW project in period 3 as a joint venture, and that Firm 1 acquired Firm 3 at the start of period 4.
First, let i = 4 denote the 100 MW wind power project completed jointly by Firms 1 and 2 during period 3, such that d i = {1, 2}, t i = 3, a (d i , t i ) = ∅, and −d i = {3}. Then, by the definitions of section 4.1:
Q li,di,ti = λ 2 ·[Q 4,1,3 + Q 4,2,3 ] by equation (6) = λ 2 · Q O 4,1,3 + Q O 4,2,3 by equation (5) = λ 2 ·[(δ own ·60) + ((1 − ρ own )·40)] by equation (1) Q li,−di,ti = (1 − ρ oth ) · 80 by equation (7) Next, let i = 5 denote instead the 120 MW project completed by Firm 1 during period 4, such that d i = {1}, t i = 4, a (d i , t i ) = {3}, and −d i = {2}. Then, using the definitions of section 4.1:
Q li,di,ti = Q O 5,1,4 + Q A 5,1,4 by equations (5) and (6) = Q O 5,1,4 + µ·Q O 5,3,4 by equation (3) = λ 2 ·100 + δ 2 own · (1 − ρ own )·60 + µ·(δ own · (1 − ρ own )·80) by equation (1) Q li,−di,ti = δ oth · (1 − ρ oth )·40 by equation (7) In the first example, accumulated experience that is "internal" to the consortium of Firms 1 and 2 is a linear combination of 1 and 2's organic experience bases, whereas Firm 3's organic experience base is "external" to the consortium. Projects 2 and 3 receive a distance multiplier for being greater than 100 miles from project 4. In the second example (i.e. after Firm 1's acquisition of Firm 3), Firm 3's organic experience base has become "internal" to Firm 1, whereas Firm 2's organic experience base, with the exception of the 100 MW that Firm 2 completed jointly with Firm 1, is now "external" to Firm 1. Now, projects 1,2 and 3 receive a distance multiplier for being more than 100 miles from project 5.
